The assumption of exchangeability of the treated and the untreated -or, in general, of those subjects receiving different levels of the exposure -often gets most of the attention in discussions about causal inference. A key argument to prefer randomised experiments over observational studies is precisely that exchangeability is expected by design in the former. In contrast, investigators conducting observational studies need to use their expert knowledge to identify and measure many potential confounders. Their hope is to collect sufficient data to achieve exchangeability conditional on the measured covariates. Unfortunately, these investigators can never be certain that they have succeeded, even if they have actually succeeded. Exchangeability cannot be empirically tested in observational studies.
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Lack of exchangeability arises when the distributions of prognostic factors for the outcome differ between the treated and the untreated. There are two main reasons why these differences may occur. First, exchangeability will not generally hold if there are common causes of the treatment and the outcome. For example, having a high level of LDL-cholesterol increases the probability of initiating statin therapy and, independently, the probability of having a myocardial infarction. We then say that the association between statin therapy and myocardial infarction risk is confounded, or that there is confounding bias for the effect of statin therapy on myocardial infarction risk. This terminology explains that the assumption of conditional exchangeability given the measured variables is often referred to as the assumption of no unmeasured confounding. In randomised experiments confounding for the effect of assigned treatment is not expected because a random assignment of treatment results in balanced distributions of prognostic factors between the treated and the untreated.
Second, exchangeability will not generally hold if the analysis is restricted to selected individuals and the selection process was affected by both the treatment and the outcome, or by causes of the treatment and the outcome. For example, suppose a third of the subjects were lost to follow-up during a study on statins and myocardial infarction, and the risk of being lost to follow-up was affected by both the presence of treatment's side effects and of symptoms of coronary heart disease (i.e. angina). In this setting the analysis needs to be restricted to the selected two thirds who stayed in the study until their outcome was ascertained. We say that the association between statin therapy and myocardial infarction is biased in this selected group, or that there is selection bias for the effect of statin therapy on myocardial infarction risk.
Confounding is a common source of lack of exchangeability in observational studies, but not in randomised experiments -as long as one sticks to an intention-to-treat analysis. On the other hand, selection bias due to loss to follow-up can happen in both observational studies and randomised experiments. Selection bias can be due to many forms of selection process besides loss to follow-up (e.g. self-selection, missing data, healthy worker). 1 It may also arise when conventional methods for confounding adjustment are employed in studies with time-varying treatments and confounders. In these settings, g-methods -g-formula, inverse probability weighting, g-estimation -are needed. 2 Though lack of exchangeability is a serious threat to causal inference, the presence of exchangeability does not guarantee the validity of the analysis. This themed issue of Statistical Methods in Medical Research draws attention to other key considerations that need to be taken into account when the goal of the analysis is the consistent estimation of treatment causal effects. In the following pages several world-renowned experts on causal inference summarise and extend the current knowledge about these issues.
Many studies collect data on hundreds or thousands of potential confounders. Even when exchangeability approximately holds conditional on those variables, the task of identifying a set of adjustment variables may be daunting. Adjusting for too many variables may introduce bias or increase the variance to unacceptable levels; adjusting for too few variables will leave uncontrolled confounding. In this issue Vansteelandt and collaborators review current strategies for confounder selection and propose a computationally attractive approach that overcomes some common problems. They also explore some strategies to ameliorate the impact of model misspecification on causal estimates.
Even when exchangeability holds and the confounders are identified, it is possible that treatment assignment is fully determined by some of the confounders. For example, in many health systems an HIV-infected subject with a CD4 cell count less than 200 cells/mL will be immediately given antiretroviral therapy. That is, there is a zero (i.e. non-positive) probability of remaining untreated when CD4 cell drops below 200 cells/mL. We say that positivity does not hold because, for some confounder values, there are no treated and untreated subjects to be compared. In this issue Petersen and collaborators describe an approach to diagnose violations of positivity, and discuss several strategies to deal with these violations.
Leaving aside exchangeability and positivity, other conditions required for traditional approaches to causal inference include consistency, no versions of treatment, and no interference, which were collectively referred as the stable-unit-treatment-value-assumption or SUTVA by Rubin. 3, 4 Compared with exchangeability, these conditions have historically received less attention in applied discussions. Recently the conditions of consistency and no multiple versions of treatment have been extensively discussed in the statistical and epidemiologic literature. [5] [6] [7] [8] [9] [10] [11] [12] Most methods for causal inference, however, assume that a subject's treatment cannot affect another subject's outcome, that is, that there is no interference between subjects. The assumption of no interference is obviously violated in infectious disease research when vaccination or treatment given to an individual may prevent another individual's infection. Similarly interference may occur in settings in which individuals interact socially. In this issue Tchetgen Tchetgen and VanderWeele review the literature on causal inference in the presence of interference, and provide new conceptual and analytic approaches.
A frequent goal of etiologic research is the characterisation of the causal mechanisms that bring about the effect of the treatment on the outcome. This study of mediation has received much attention in the causal inference literature, and has resulted in a large number of articles on the topic. In this issue TenHave and Joffe review the different methodologic approaches to mediation, and the conditions that are required for valid causal inference, including various versions of the exchangeability condition.
The concepts and methods described in this issue are scattered across in a myriad of papers across the causal inference literature. The following articles present these topics in a systematic and coherent way. We thank these authors for their effort to bring clarity to discussions about causal inference.
